represents the basis of any waste management system planning 52 and development (Christensen, 2011) . This information is also 53 crucial for establishing baselines and evaluating the 54 effectivness of environmental policies. Generally, the 55 fractional composition of waste is obtained by conducting 56 waste fraction composition studies and is usually provided as 57 weight percentages of selected materials such as paper, plastic, 58 metal, food waste, etc. (Lagerkvist et al., 2011) . Independently 59 of waste characterisation methods, waste fraction composition 60 arithmetic mean and standard deviation are usually provided 61 (European Commission, 2004) , thus ignoring the inherent 62 structure of data for waste fraction compositions (Pawlowsky-63 Glahn et al., 2015) . Here, the standard deviation measures the 64 'spread' of the estimated arithmetic mean (Reimann et al., 65 2008) . 66
Waste fraction composition data are 'closed' datasets 67 because of the limited sample space (from 0 to 100 i.e. 68 percentages). This is known as the 'constant sum constraint' 69 (Aitchison, 1986) , where the percentage of one waste fraction 70 depends on the ratio of the other waste fractions included in 71 the sampled waste stream. Consequently, the percentages of 72 waste fractions are linked to each other intrinsically. Therefore, 73
Page 5 of 35 univariate analysis (composition of waste fractions analysed 74 separately) of waste fraction compositions is inappropriate, 75 because it violates the fundamental assumption of 76 independence of observations (Pawlowsky-Glahn et al., 2015) . 77
For example, Hanc et al. (2011) studied the composition of 78 household bio-waste and reported that the yearly percentage of 79 grass amounted to 27.6±30.8% in single-family areas. The 80 mean was 27.6% and its standard deviation 30.8%. The 81 resulting confidence interval (2* standard deviation) of the 82 mean was the interval (-34.0% ; 89.2%), which covers negative 83 percentages, although the values cannot be negative in this 84 case. This problem is described as 'intervals covering negative 85
proportions' (Pawlowsky-Glahn et al., 2015) . An increase in 86 the percentage of one waste fraction leads to a decrease in the 87 percentage of another fraction and vice versa, because the sum 88 of the percentage of individual waste fraction is fixed 89 (Reimann et al., 2008) . 90 Data for waste fraction compositions refer to 91 compositional data, which arise in many fields such as 92 geochemistry (mineral composition of rocks), medicine (blood 93 composition) and archaeology (ceramic compositions) 94 (Aitchison, 1994) . Here, compositional data carry relative 95 information or a ratio and add up to a constant (1 for 96 proportion, 100 for percentage and 10 4 for ppm (parts per 97 million)) (Aitchison, 1986; Buccianti and Pawlowsky-Glahn, 98 Page 6 of 35 2011). As further examples, chemical compositionwaste water 99 content, etc. also represent closed datasets (see Aitchison, 100 1994) . 101
Arithmetic mean and standard deviation are based on the 102 assumption that observations follow normal or symmetrical 103 statistical distribution (Reimann et al., 2008) . Numerous -104 mainly statistical-basedstudies show that these estimates are 105 affected considerably when data exhibit small deviations from 106 normal distribution (Reimann et al., 2008; Wilcox, 2012) . On 107 the other hand, environmental data including waste fraction 108 composition are often skewed (Reimann et al., 2008) , in which 109 case the resulting descriptive statitics may be biased and 110 subsequently lead to wrong conclusions. Nevertheless, most 111 waste characterisation studies report the arithmetic mean and 112 standard deviation of waste fraction compositions, ignoring the 113 natural structure of compositional data (e.g. Hanc et al., 2011; 114 Edjabou et al., 2015; Naveen et al., 2016) . 115
Despite the importance of arithmetic mean and standard 116 deviation estimates in relation to waste composition, no 117 attempts have been made to address the quality of these 118
estimates. 119
Correlation coefficients between individual waste 120 fractions are commonly computed in order to investigate 121 relationships between material fractions in mixed waste (e.g. 122 Alter, 1989; Hanc et al., 2011; Naveen et al., 2016) , but they Page 7 of 35 are also used to evaluate the quality and the source of elements 124 in chemical compositions of municipal solid waste (e.g. Hanc 125 et al., 2011; Naveen et al., 2016) . An illustrative example is the 126 correlation between food waste and packaging materials such 127 as paper, board, plastic and metal. For example, Alter (1989) 128 claimed that an increase in food packaging may decrease food 129 waste occuring in housholds. In contrast, Williams et al. (2012) 130 argued that 20 to 25% of food waste generation is due to 131 packaging. Notwithstanding the relevance of correlation 132 analysis applied to waste fraction compositions, the 133 contradictory results of correlation coefficients (see Alter, 134 1989 and Williams, 2012) still require explanation. 135
Overall, computing arithmetic means, standard deviations 136 and correlation coefficients for material fraction compositions 137 may lead to biased results (Aitchison, 1994; Filzmoser and 138 Hron, 2008) . Additionally, uncertainty analysis (e.g. Monte 139
Carlo analysis) of these datasets can be a source of concern 140 when the issue of independence between material fraction 141 compositions is either ignored or poorly addressed (Xu and 142 Gertner, 2008 where g m (x) is the geometric mean and D is the number of 301 waste fractions (x i ) involved. The natural logarithm is 302 abbreviated as LN(x i ) and its inverse is abbreviated as exp(x i ). 303
The back transformation of the isometric log-ratio 304 where ilr -1 is the back transformation, x is the simulated value 310 for the transformation (ilr), ψ is the matrix constructed from 311 the sequential binary partition given in Eqs (1 to 7) and C is 312 the closure operation that provides a closed dataset. 313 The relationship between pairs of waste fractions is 319 analysed by means of a variation array, calculated as: 320
The variation array (Aitchison, 1986 ) was introduced to 323 provide a solution to the problem of computing correlation 324 coefficients for compositional data. We computed the variation 325 array using both waste fraction compositions and generation 326 rates. Page 20 of 35 ratio coordinates) (see Table 3 ) was computed from 440 symmetrical data, thus suggesting that the log-ratio coordinates 441 enable a data analyst to obtain symmetric distribution of data, 442 as shown in The standard deviation, total variance and percentage of 453 variance estimates were calculated and are shown in Table 4 . 454
The results indicate that the standard deviation values for the 455 raw waste fraction composition are very high compared to 456 their corresponding arithmetic mean (Mean in Table 3 ). In 457 particular, the standard deviation of animal-derived food waste 458 (AA and AV) and metal packaging are higher or equal to the 459 corresponding arithmetic mean, thereby generating very high 460 variation value coefficients (e.g. 155% for metal packaging, 461 On the other hand, paper (5.27%) and plastic packaging 508 (5.53%) made a small contribution to total variance. A possible 509 interpretation for this finding could be that metal packaging 510 materials are source-sorted by a wider variety of households 511 than paper and plastic packaging, and therefore they do not 512 vary much in the fraction that ends up in residual household 513 waste bins. However, a characterisation of total household 514 Page 23 of 35 waste including source-segregated waste (e.g. paper, metal, 515 plastic) could provide a better interpretation of these results, 516 thereby demonstrating that total variance enables the analyst to 517 compare systematically variations among waste fraction 518 compositions, which is difficult for classical standard deviation 519 and coefficient of variation estimates. 520
Relationship between waste fractions: Pearson's 521
correlation test 522 Table 5 presents the pairwise correlation coefficients 523 between waste fractions, computed using datasets of (1) 524 percentage composition (Percentage %) and (2) generation 525 rates (kg/capita/week). A negative correlation coefficient 526 between waste fractions means an inverse relationship, 527 whereas a positive correlation coefficient means these fractions 528 vary in the same direction (when the value of one waste 529 fraction increases, the value of the other fraction increases too, 530 and vice versa). Moreover, while a correlation coefficient of 531 value ±0.5 shows a strong relationship between the two waste 532 fractions, a value of 1 means a perfect correlation. A 533 correlation coefficient is statistically significant when the p-534 value is less than 0.5. 535
536
Here (Table 5 ) 537 538 Based on the waste fraction generation rates, we found a 539
Page 24 of 35 positive and significant correlation coefficient between 'Other' 540 and the seven remaining waste fractions, as shown in Table 5 . 541
In contrast, we found negative and significant correlation 542 coefficients between these fractions when the Pearson's 543 correlation test was applied to waste fraction compositions 544 (Percentage %). 545 Figure 5 illustrates the results of the correlation test 546 applied to waste fraction composition data. Figure 5 showed a negative correlation between the same waste 556 fractions, except for UA. These results are in good agreement 557 with those obtained by Alter (1989) , and similar results were 558 obtained when the Pearson's correlation test was applied to 559 log-transformed data. Note here that the signs and the values of 560 the correlation coefficients depend on the datasets, even 561 though a Pearson's correlation test was applied to log-562 transformed data (SM Table 1 ). These results pose an 563 interpretation dilemma. First, a reduction in plastic packaging 564
Page 25 of 35 may contribute to food waste reduction, due to the positive 565 correlation between these waste fractions, although, on the 566 other hand, an increase in the use of plastic packaging may 567 contribute to a reduction in household food waste because of 568 the negative correlation coefficient. Moreover, while these 569 correlation coefficients were statistically significant, their 570 estimates were somewhat different (see Figure 4 and Table 5 ). 571 572 Here ( Figure 5 ) 573 574
Variation array with CoDa 575
The variation array was computed using Eq. (10) and is 576 shown in Table 6 . Note that the same variation array was 577 obtained when using either the waste fractions generation rates 578 (kg/capita/week) or waste fraction compositions (percentage 579 %), and therefore the relationship between waste fractions is 580 interpreted independently of waste datasets. 581
The variation array is divided into two triangles. The 582 upper triangle shows ratios or proportionalities between waste 583 fractions as pairwise log-ratio variances (variance ln(X i /X j ) 584 (see Eq. (12)). The lower triangle presents the pairwise log-585 ratio means (Mean ln(X j /X i ) (see Eq. (13)). Here, the 586 numerator is denoted by columns (X i ), and denominator (X j ) is 587 (Table 6)  592  593 Log-ratio variance values highlighted in grey (the value is 594 close to zero) indicate an almost constant ratio, whereas log-595 ratio variance values in bold and highlighted in grey (usually 596 value is closed to zero) can be assumed to be zero, suggesting 597 an absolutely constant ratio (Pawlowsky-Glahn et al., 2015) . 598
On the other hand, log-ratio variance values that are very much 599 higher than zero are highlighted in red, and these indicate no 600 relationship between the two relevant fractions, because their 601 ratios vary significantly. 602
For example, the mean log-ratio between plastic 603 packaging and paper and board was negative {(mean 604 (log(Plastic/Paper))= -1.4)} (here, Plastic is X j from a row in 605 Table 6 and Paper is X i from a column in Table 6 ), indicating 606 that the households placed more mass of plastic packaging 607 than paper and board waste into their residual waste bins. 608 Furthermore, the variance in their log-ratio is small (0.77), 609 suggesting a strong relationship between these fractions. This 610 relationship has a negative ratio, which can be calculated as The results shown in Table 6 indicate that the mean log-620 ratio between avoidable animal-derived food waste and 621 unavoidable vegetable food waste was negative (-1.35). 622
However, the variance in their log-ratio was high (4.21), 623 thereby suggesting that the compositions of these fractions are 624 not proportional. In this case, the ratio between these fractions 625 is not constant. 626
Overall, the compositions of these pairs of waste fractions 627 are highly dependent: (1) unavoidable vegetable food waste 628 (UV) and paper (Paper), (2) paper (Paper) and plastic 629 packaging (Plastic) and (3) plastic packaging (Plastic) and 630 other waste fractions (Other). However, no relationship 631 between avoidable food waste fractions (AV and AA) and 632 material packaging (paper, plastic and metal) was identified. 633
For example, from the results in Table 7 , it is apparent that the 634 ratio between avoidable animal-derived food waste and 635 packaging materials (plastic, paper and metal) is highly 636 variable (very high log-ratio variance painted in red). 637
Similarly, the ratio between avoidable vegetable food waste 638 and packaging materials (plastic, paper and metal) is not 639
Page 28 of 35 constant. These values indicate no constant ratios between 640 these fractions, signifying that there is no relationship between 641 these fractions based on the analysis of residual waste taken 642 from the 779 households. 643 644
Discussion 645
From the data in Table 3 , arithmetic means of waste 646 fractions composition were influenced by the fact that the 647 assumption of normal distribution was violated (see Figure 4) . Table 1 ). (see Table 1 ) and consisting of 779 observations (households). household waste fractions on wet mass basis (see Table 1 for 32 abbreviation). 
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